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Introduction
Understanding ecosystems in general and environmental effects on the variability in abundance and distribution of exploited fishery stocks in particular, are keys for future management strategies (Hofmann and Powell, 1998) . Indeed the influence of environmental parameters on the distribution and abundance of marine species has been a question of major interest for scientists since the beginning of the 20th century. The development of climatic data recording allowed the first experimental research into this subject (Kemp, 1938) and since then numerous articles have addressed the relationships between climate, distribution and abundance (Russell, 1935; 1939; Southward, 1960 Southward, , 1980 Cushing, 1982; Sinclair and Frank, 1995; Beamish, 1995; Southward et al., 1995) .
Target species are the subject of many studies: by-catch species are often overlooked. Research on the relationships between the abundance of cephalopods, such as loliginid squid, and environmental parameters in the north-east Atlantic has increased in the last 10 years in line with the increasing commercial interest. Loligo forbesi and Loligo vulgaris, which are mainly caught in this area, represent an important source of income for fishermen (Anonymous, 2000a) . The life cycle and distribution of these two species have been described by Holmes (1974) , Roper et al. (1984) , Worms (1983) , and their exploitation by the European fleet has been studied by Pierce et al. (1994) , Boucaud-Camou (1993, 1995) , Cunha and Moreno (1994) , Guerra et al. (1992 Guerra et al. ( , 1994 , and Denis (2000) .
Temporal and spatial changes in the relationship between squid abundance and climatic variables have been observed (Roberts and Sauer, 1994; Pierce, 1995; Pierce et al., 1998; Waluda and Pierce, 1998; Robin and Denis, 1999; Bellido et al., 2001) . In these studies, Pearson correlation coefficients computed per ICES-rectangle showed that rectangles which have interannual common trends were grouped spatially. The location of these groups of rectangles with significant (positive or negative) correlation changed according to the month selected for climatic records. Ordinary linear regression techniques failed to describe such a complex system.
Generalized Additive Models (GAM) techniques seem to provide a more powerful tool. They have already been used in the spatio-temporal stock assessment modelling of marine species such as Atlantic mackerel (Scomber scombrus), sprat (Sprattus sprattus), whiting (Merlangius merlangus), anchovy (Engraulis encrasicolus), and horse mackerel (Trachurus mediterraneus) (Borchers et al., 1997; Augustin et al., 1998; Daskalov, 1999) . In all these studies the authors chose to use GAM techniques to model the spatio-temporal distribution of studied species abundance as a function of geographical and environmental variables.
The application of GAMs has been described by Hastie and Tibshirani (1990) . They show that the flexibility of non-parametric regression or smoothing when added to general linear models allows the uncovering of structure in the data that might otherwise have been missed with the usual linear assumptions.
Many of the cited papers show results obtained by using GAM techniques on fish-survey data sets. This article presents ''for the first time'' GAM analysis fitted between a 10 year geo-referenced French commercial fishery data set and bathymetric and climatic data in the north-east Atlantic. No survey data are available for the study area so that commercial data are therefore the only means of obtaining information with these complete spatial and temporal scales. The objectives of this study can be summarized as:
(1) Can a Generalized Additive Model explain and model the abundance of non-target species via commercial data? (2) What effects do geographic and climatic variables have on Loliginid squid ecology?
Materials and methods
This study makes use of existing data sets which were collected during the development of French GIS tools for cephalopod studies.
Data sets used
French trawlers' monthly ''Landing Per Unit of Effort'' (LPUE) per ICES rectangle were computed for the period 1989-1998 with total landing and effort. The units of effort are hours fishing for a standardized 1000 kW boat. Commercial landing and effort data for French vessels were obtained from the Centre Administratif des Affaires Maritimes (CAAM). To test the difference between LPUE and Catch Per Unit of Effort (CPUE) for Loliginid squid, a series of on-board observations were made in order to estimate the discard rate of the French offshore trawlers since these vessels provide most of the cephalopod landings.
Thirty-one days of shipboard observations were made on vessels from Port-en-Bessin (Normandy) between July and October 1997 in the western part of the English Channel and estimates made of cephalopod discards during this period from the total landings. The monthlymean weight calculated from fish market observations were used to assess the number of animals caught per cruise for Loliginids and cuttlefish. This assessment provides an estimate of the proportion of rejected animals during the 556 fishing hours.
Climatic data were obtained from the Météo-France Marine data base AVISO. Monthly-mean sea surface temperature was obtained as a 1 longitude by 1 latitude grid. Monthly averages were computed and the 1 by 1 climatic grids were converted into the same resolution as the ICES rectangle grid by a spatial linear interpolation. The original data sets given by AVISO are the results of models using satellites and in situ data from the European Centre for Medium-Range Weather Forecasts (ECMWF). Climatic parameters obtained are: Sea Surface Temperature (SST) in Celsius degree Solar Flux in Joules per squared metre Sea level pressure in Pascal Wind Speed in metre per second Wind direction in degrees Bathymetric data were obtained from the NOAA ETOPO 5 web site in a 5 min 5 min grid. The average depth of each rectangle was also computed.
Data file manipulation was conducted with MS Visual Basic and data were stocked and managed in MS ACCESS data bases.
Temporal selection GAM techniques require the highest possible spatial and temporal coverage. Monthly environmental data were available for the whole period (120 months), whereas Loliginid CPUE data depended on the fishing activity. The complete 120 point data series was therefore not available for all rectangles, and it was decided to select rectangles for which at least 108 out of 120 possible data points were available.
Spatial selection
The fishing area of French trawlers extends from the Bay of Biscay to the northern part of Scotland. In this area an important range of environmental parameters is encountered. Preliminary analysis showed that such a wide dispersion does not allow a good fit of models. Therefore, only rectangles from the ICES divisions 4C, 7D, 7E, 7F, 7G, 7H, 7J, 8A and 8B were retained (Figure 1 ). The landings from the 78 rectangles of these divisions represent, on average, more than 90% of total French annual Loliginid landings for the period 1989-1998.
Data transformation and error model
In the first two steps of GAM analysis the average abundance over the complete data series were used.
Whatever the time scale ''CPUE per rectangle'' does not show a normal distribution. This problem was addressed in two different ways. First, natural logarithm-transformed CPUE and a Gaussiandistribution error model were used in the GAM-fitting procedure. Statistically significant differences between the log-transformed CPUE and normal distributions still exist but it is preferable to use these transformed data to fit the model. Second, Gamma distribution was also tested. It was not subsequently applied because the CPUE were still different from a Gamma error model.
Before applying GAM techniques a multi-factor ANOVA was performed in order to split the variability of LPUE into components related to rectangle season and month. The Loliginid fishing season used is that defined by Robin and Boucaud-Camou (1995) . This fishing season begins in June with the recruitment of Loligo forbesi and finishes in May of the next year with the deaths of the adults after reproduction.
Generalized Additive Model
The GAM was used to explore the dependence of squid abundance on environmental variables. The general form of GAM is given by equation 1:
where Y is the dependent variable (log transformed cephalopod CPUE per rectangle) and the X j are the explanatory variables. A series of smooths f j (X j ) are estimated by smoothing procedures which were carried out in a first step ''smoothing spline'' (s).
Fitted models based on the same number of independent variables were compared with a ''Pseudo R 2 '' (equation 2) defined as the fraction of the total deviance explained by the model. While not identical to the classical R 2 for untransformed values, this measure is bounded between 0 and 1 and can be used as a surrogate for R 2 (Swartzman et al., 1992) .
It is worth noting that this Pseudo R 2 is the equivalent of the R 2 for the models fitted with the log-transformed CPUE and Gaussian error model. In this case the Null deviance corresponds to the total sum-of-squares and residual deviance corresponds to the residual sum-of-squares. This can be used in order to decompose the total residual deviance into seasonal-residual sum-of-squares.
The objectives of this paper led us to follow a stepby-step procedure in which the most relevant temporal scale must be chosen for fishery and environmental variables.
A series of models were fitted to test the following list of hypotheses:
(1) The average spatial distribution of a cephalopod resource (average spatial pattern without a temporal component) can be described with geographic variables only (latitude, longitude and bathymetry). However only the spatial distribution has to be described. Several models have been fitted in order to test different ways to introduce the explanatory variables into the model. (2) Changes in the average abundance of cohorts require the introduction of inter-annual variability of the habitat related to hydro-climatic variables. (3) Recruitment is a key stage in cohort strength and abundance in the ''peak of recruitment'' month and can be described by the environmental conditions occurring between spawning and recruitment. If this hypothesis is true a time lag is observed between variables showing the highest correlation). (4) GAM models of the recruitment-peak month were fitted between July CPUE and geographic data and April climatic variables for the period 1989-1997. Can this model be used to predict the July 1998 abundance indices with 1998 previous-month climatic data?
For each step observed and fitted or predicted values were compared visually by using GIS tools.
Results
Preliminary observation of the discard phase
The shipboard study of cephalopod discards allows an assessment of the proportion of animals rejected for each species. Table 1 gives a summary of the discard observations. It is clear from this table that cuttlefish and Loliginid discards represented less than 0.1% of catches. For the two other species (Octopus and Ommastrephids) 100% of the caught animals were rejected. The reasons for this high level of discarding appear to be related to low abundance (Octopus) or low commercial value (Ommastrephids). Although limited to a short study period, these results confirm the results of interviews with fishermen.
The multi-factor analysis of variance computed on the whole fisheries data set shows that season, month and rectangles and the interaction between these factors explains almost 63% of the total variability. Table 2 also indicates that differences between rectangles are more important than both differences between month and differences between fishing season.
A series of GAM models have been fitted to abundance indices of Loliginid squid in the fishing grounds of French trawlers for each stage of temporal variability in each case the maps which have been prepared compare observed and estimated data. The first (Figure 2 ) displays average spatial pattern and gives a preview of the general extension of Loliginids in the French fishery area. The other maps give an idea of the abundance variations observed between season. In each rectangle one ''average CPUE'' was computed over 120 months. Models were fitted to test the hypothesis (1).
In the models 1 and 3 longitude, latitude and bathymetry were introduced and their effect was modelled with a smoothing spline function.
Results are summarized in Table 3 . Pseudo-R 2 values indicate that geographic parameters described a significant part of squid abundance in the fishing grounds of French trawlers. At the rectangle scale the variable ''bathymetry'' did not have a significant influence. Figure 3a ,b presents the effect of longitude and latitude on average abundance. The curves shows that general average CPUE are highest in the range [48.5 N, 50. 5 N] latitude and [5 W, 2 E] longitude, which correspond to the English Channel.
Interactions between longitude, latitude and bathymetry are also introduced and tested. Those interactions do not improve significantly the fitting of the model (PseudoR 2 =0.61) and the effect of the interactions is not significant (p=0.77). Climatic data for the study period were averaged and used to fit Model 2, in which Pseudo R 2 is nearly the same as for Model 1 and only SST and pressure (Figure 3c,d ) have a significant effect on abundance. Abundance increases with temperature between 8 and 9.5 C and peaks at a SST close to 10 C. On the other hand, abundance decreases when pressure increases.
Model 3 shows (Table 3) that the integration of all available explanatory variables leads to the highest Pseudo R 2 . However, in this model only one variable, ''Long'', has a significant effect. Model 3 underlines, if necessary, that geographic and environmental variables respectively describe a similar part of the abundanceindices variability of the squid and that their influences do not add up in a complex model.
The average spatial pattern model (Model 1) was used to prepare a map displaying observed and calculated distribution (Figure 2 (Robin and Boucaud-Camou, 1995) . In the present study period 9 complete cohorts were observed and thus 9 average CPUE indices were computed for each rectangle.
Models fitted to describe changes in squid distribution from one cohort to the next include geographic variables and environmental variables (SST, pressure, solar flux, wind direction and wind speed) observed in a given calendar month.
In preliminary trials an additional ''season'' variable was introduced as a factor to take into account the nine fishing seasons of the studied cohorts. Twelve models were fitted between seasonal abundance-indices averages, geographic variables and monthly climatic variables according to the 12 calendar months used in the climatic variables (Table 4) .
Best GAM fits were observed when using climatic parameters recorded in April and July. ''GAM smoothes'' showing the relationship between April climatic parameters (SST, solar flux, wind direction and pressure) and squid abundance indices are plotted in Figure 4 . These curves suggest that cohort abundance was higher with April temperature around 10 C and the April atmospheric pressure effect seems to decrease to a minimum around 1015 hPa. Wind-speed effect increases with wind strength. Longitude-and latitude-effect patterns are nearly the same as those shown in Figure 2 .
The analysis of explanatory variables indicates that bathymetry was significant at this temporal scale -it was not significant in the previous a-temporal model -and that abundance increases with increasing depth.
On the other hand it seemed desirable to test if climatic parameters could describe inter-annual changes. A second series of models was fitted without the ''season'' variable (Table 5) .
These two series of results (Tables 4 and 5) show that the ''season'' variable produced very little increase in goodness of fit -the residual deviance was reduced by less than 1%! -thus confirming the small amount of seasonal variability found with the ANOVA.
The April climate-based model was used to produce the maps of Figure 5 . These maps, present observed and calculated seasonal distribution and also give a spatial view of the ''goodness'' of the model fit. Discrepancies between observed and calculated maps, measured with the Sum of Squared Residuals, SSR, criterion, indicate that the largest differences are observed in 1992 and the smallest in 1996. Comments on differences between spatial patterns made with the temporal model apply also to the 1992 season. Low observed values for the 1996 season may explain the low SSR.
At this stage the ''best'' model was obtained with climatic parameters observed in April which is, strictly speaking, before the start of the fishing season.
The ''goodness'' of the model fit does not seem to be linked solely with the observed abundance-index level but is also a consequence of that part of the variability that can be explained by the combined effect of the dependent variable introduced in the model.
(3rd
Step) Squid recruitment in relation to environment in the pre-recruitment period The Loliginid squid fishing season begins in June with the recruitment of Loligo forbesi and the abundance index (CPUE in kg/ue) peaks in July. In order to test hypothesis 3 -recruitment depending on the environment in the pre-recruitment period -GAM techniques were used to model squid abundance indices in July as a function of the climatic variables observed in April. The result was then compared with the same model using climatic variables observed in July. It is worth remembering that with the ''inter-cohort variation'' modelsTables 4 and 5 -the highest correlations were observed with climatic variables in April and then July.
Model results are summarized in Table 6 . Goodnessof-fit coefficients, although very close, indicate a better fit with the July climatic parameters. In both models all variables play a significant part.
Functions describing variable effects of the ''Aprilclimate-based'' model are plotted in Figure 6 . Patterns of the effects of geographical variables on CPUE are still the same at this temporal scale as for the effects obtained in previous models. The effect of SST seems to be very close to the SST effect in the seasonal model. Other effects of climatic variables change at this time scale. Solar flux and pressure effect each present completely different patterns from those displayed in Figure 4 . Wind-direction effect is significant in the April-climatebased model even though this was not the case in the previous model. The April-climate-based model was used to prepare maps displaying observed and calculated distributions in July (Figure 7) . Discrepancies between the observed and calculated maps as measured with the SSR criterion suggest that, generally, the largest differences are observed in 1996 and the smallest in 1993 in spite of the high differences displayed for division 7E in 1993.
The final step was conducted in order to test the capability of GAM environmental models to predict CPUE during the recruitment peak month (July). The model was fitted between July CPUE and the geographic and the April climatic variables for the period 1989-1997. 1998 
Discussion
This study presents models of abundance and spatial distribution of a marine species fished by French trawlers in the north-east Atlantic. To our knowledge it is the first combined use of French commercial-fisheries data, environmental parameters and GAM techniques.
When compared to the observations of Morizur et al. (1996) the low cephalopod discard level recorded for French trawlers based at Port-en-Bessin shows clearly varying commercial interest for the species, and suggests that the commercial cephalopod resource data can be used to accurately describe ''abundance''. Catches of Octopus and Ommastrephids were very low and all animals were released, these species not being considered as of commercial interest for the trawlers of this harbour. [It is worth noting, however, that Ommastrephids constitute a real resource to fishermen from other French harbours E. G. Le Guilvinec (Robin et al. in press) ]. In contrast with these species, the cuttlefish and Loliginids which are caught are kept and landed in fish-markets. In the case of the Loliginids, LPUE is equivalent to CPUE because of the very low level of discarding and the fact that this species is not really targeted. It is therefore possible to interchange LPUE and CPUE of this non-target species as abundance indices in term of biomass (Hilborn and Walters, 1992) . The length of the time series and the size of the geographical area are good arguments for using commercial CPUE. However, the quality of CPUE has to be tested before being used as an abundance index. A systematic mapping of catch and effort data as advised by Hilborn and Walters (1992) can confirm their quality (Anonymous, 2000b) .
The objectives that led us to apply GAM techniques to model Loliginid abundance in time and space were achieved to a greater or lesser extent. Previous fishery studies have already used this technique for spatial modelling. For example, Swartzman et al. (1992) band Daskalow (1999) used GAM to present geographical variations of fish distribution but used only survey data. Recently Bellido et al. (2001) presented results of a preliminary application of GAM to describe intraannual variation in squid abundance in Scottish waters.
In the present study a comparison between observed and calculated values confirms that GAM can also be used for commercial Loliginid fishery data. The model fitted in the first step has the capability of describing spatial patterns at the rectangle scale.
The effects on abundance of bathymetry and climatic variables for the different temporal scales considered demonstrate that this tool is able to take into account geographical and temporal dimensions simultaneously. Our results clearly prove the effect of climate on the distribution of Loliginid squid. They confirm that the use of techniques like GAM, which do not assume the linearity of independent variables (Hastie and Tibshirani, 1990) , constitutes a real advance in the understanding of abundance variability. This study therefore complements those of Pierce (1995) and Robin and Denis (1999) in which linear techniques were used.
Even if the climatic variables used are not the most relevant ecological factors in the natural environment their effects, as presented in Figures 4 and 6 , show that their influence on abundance may not be linear. ''Stepwise'' model selection (not presented here) does not show different results. It deletes variables which are not significant in the models used and confirms the non-linear effect of the selected variables. Although the interactions between the climatic variables are not tested here the relationships between the variable values is also considered in GAM -fits by smoothing functions. This is not the case in the linear Pearson correlation coefficient presented by Pierce et al. (1998) . Thus we have demonstrated that commercial fisheries data in GAM analysis appears to be a better way of understanding abundance variability in time and space than linear analysis.
Although GAM allows the addition of the effect of independent variables the proportion of the variability explained by geographic variables in Model 3 (Table 3) does not reflect the addition of separate fitted Pseudo R 2 (Model 1 and Model 2). These could be explained by a correlation between different climatic variables or between climatic and geographic variables. For these models habitat in given areas is mainly defined by a particular climate but biological aspects must be considered also.
With respect to understanding the variations of Loliginid abundance model fitting highlights the fact that the most significant variables are geographical i.e. latitude and longitude. Both were selected in the description of the general average spatial pattern and also in temporal analyses of abundance variability. On the other hand, bathymetry does not play a significant part in the general pattern but contributes to inter-seasonal differences when it is combined temporally with climatic variables and life-cycle-sensitive stages. This could be related to the fact that the Loliginid stock is a mix of two species (Robin and Boucaud-Camou, 1995) with different depth preferences (Pierce et al., 1994) . Thus, interseasonal differences in species proportion may be explained partly by bathymetry. It is possible for models to be significantly fitted to inter-seasonal variation but it is worth noting that the general spatial pattern does not play an important role.
Climatic variables suggest that mild weather conditions in April favour subsequent recruitment in July. Environmental effects are not very clear: the relationship of abundance with SST does not reveal thresholds as previously described in other squid species for example (Coelho et al., 1994) . They could be put together with ''temperature range'' as presented by Bellido et al. (2001) for Loligo forbesi though. At the same time, however, the effect of SST observed for July and seasonal abundance follow very similar trends. This leads us to think that seasonal abundance variation depends mainly on survival during pre-recruitment months. Wind effect was also found to be significant. These two climatic variables, SST and the wind effect, have been shown to have an influence on Illex illecebrosus recruitment (Bakun and Csirke, 1998) .
Finally, the attempt to predict 1998 recruitment with a model fitted in previous years suggests that GAM techniques are not accurate enough to predict abundance in one rectangle but can indicate in which part of ICES division a high recruitment is to be expected.
In conclusion, these empirical models confirm not only the influence of climate on Loliginid distribution and abundance but also the importance of taking into account the environment in the definition of stock limits.
